PFC2D(3D) is commercial software, which is commonly used to model the crack initiation of rock and rock-like materials. For the PFC2D(3D) numerical simulation, a proper set of microparameters need to be determined before the numerical simulation. To obtain a proper set of microparameters for PFC2D(3D) model based on the macroparameters obtained from physical experiments, a novel technique has been carried out in this paper. The improved simulated annealing algorithm was employed to calibrate the microparameters of the numerical simulation model of PFC2D(3D). A Python script completely controls the calibration process, which can terminate automatically based on a termination criterion. The microparameter calibration process is not based on establishing the relationship between microparameters and macroparameters; instead, the microparameters are calibrated according to the improved simulated annealing algorithm. By using the proposed approach, the microparameters of both the contact-bond model and parallel-bond model in PFC2D(3D) can be determined. To verify the validity of calibrating the microparameters of PFC2D(3D) via the improved simulated annealing algorithm, some examples were selected from the literature. The corresponding numerical simulations were performed, and the numerical simulation results indicated that the proposed method is reliable for calibrating the microparameters of PFC2D(3D) model.
Introduction
The discrete element method (DEM) was firstly proposed by Cundall in 1971 [1] . The DEM was investigated further over the following years [2] [3] [4] [5] [6] [7] . It has been widely employed in modeling the damage and nonlinear behaviors of materials. The particle flow code in 2 or 3 dimensions (PFC2D(3D)) models the movement and interaction of circular (2D) or spherical (3D) particles using the DEM. It has many advantages [8] [9] [10] : It is efficient, as contact detection between circular objects is much simpler than contact detection between angular objects, it is possible for the blocks to break (because they are composed of bonded particles), among others. Thanks to these advantages of the PFC2D(3D), PFC2D(3D) is extensively utilized to solve rock mechanics and rock engineering problems [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . However, the software also has its disadvantages: it requires calibration. In other words, some microparameters must be specified to result in a material with desired macroparameters such as the uniaxial compressive strength (UCS), Young's modulus, Poisson's ratio, and tensile strength.
The relationship between the microparameters and the macroparameters is difficult to quantify and the microparameters cannot be directly determined according to the macroparameters obtained from the physical experiments. In practice, however, the microparameters of a numerical simulation model in PFC2D(3D) can be calibrated based on the macroparameters determined by the physical experiments, for example, UCS, Poisson's ratio, Young's modulus, and tensile strength. According to the difference between the macroparameters obtained from the physical experiments and the numerical simulation, the microparameters are calibrated until the macroparameters obtained from the numerical simulation are sufficiently closed to those from 2 Mathematical Problems in Engineering physical experiments. This calibration procedure is called the "trial and error" method [24] . While the drawbacks of the "trial and error" method are obvious, on the one hand, the calibration procedure is subjective, as it depends on the experiments and the experimenter; if the experimenter is not experienced at calibrating the microparameters, then the calibration process will take a very long time. On the other hand, calibrating the microparameters means modifying the microparameters in the command flow .txt file of the numerical simulations for each step of calibration, which would be hard work. In summary, calibrating the microparameters via the "trial and error" method does not illustrate how to calibrate the microparameters of PFC2D(3D) specifically, as it depends on the experiments or the experimenter. Despite these drawbacks of the "trial and error" approach, the method has been commonly adopted by many researchers [25] [26] [27] [28] [29] [30] [31] [32] [33] primarily because there is no other better way to determine the microparameters of PFC2D(3D) models.
To avoid the subjectivity in the process of calibrating the microparameters, Yoon [34] carried out a new approach for calibrating the microparameters of contact-bond models in PFC2D. The relationships between microparameters and UCS, Young's modulus, and Poisson's ratio were constructed. By combining the numerical simulation results, PlackettBurman designed a central composite method. The optimum set of microparameters were determined, and the macroparameters obtained from the numerical simulation results were in good agreement with the laboratory results, whereas the interaction of different microparameters is not considered in the method presented by Yoon [34] , and the approach can only be used in the contact-bond model of PFC2D. Additionally, the method can only determine the microparameters of rock materials with their physical properties falling within the following ranges: UCS (40-170 MPa), Young's modulus , and Poisson's ratio (0.19-0.25). In summary, the approach proposed by Yoon [34] has a limited application. Tawadrous et al. [35] conducted a large number of PFC3D numerical simulations. By combining the numerical simulation results and artificial neural networks, the microparameters of parallel-bond of PFC3D can be predicted. However, the numbers of determined microparameters are limited; namely, the parallel-bond and particle elastic modulus, normal-to-shear stiffness ratio, and parallel-bond strength can be determined by utilizing this method. Moreover, the key for the success of artificial neural networks is sufficient training data [36] [37] [38] , which implies that a large number of numerical simulations should be conducted using this method. Its applicability to the other models of PFC2D(3D) also requires further investigation.
According to the references given above, the difficulty of screening out a proper set of microparameters can be classified into three categories: (1) The subjectivity of calibrating the microparameters: the calibration process should be more objective and should not depend on the experiments or the experimenter; (2) the hard work of calibrating the microparameters: during the calibration process, the microparameters must be changed by hand for each calibration step, which is time-consuming and tedious; (3) the limited use of the microparameters calibration method: the calibration method should be applied to different kinds of numerical models in both PFC2D and PFC3D software.
For convenience of singling out a proper set of microparameters of PFC2D(3D) based on some basic experimental macroparameters (UCS, Young's modules, Poisson's ratio, tensile strength, etc.), a new approach for calibrating microparameters is proposed in this paper. The method is based on the improved simulated annealing algorithm. In addition, Python scripts were developed to accomplish the calibration process automatically. The main merit of the proposed method is decreasing the difficulty of calibrating microparameters in calibration process. Additionally, it avoids the subjectivity in calibrating microparameters, and it can be applied to calibrate the microparameters of contactbond materials and parallel-bond models in both PFC2D and PFC3D. Additionally, the numbers of microparameters and macroparameters can be increased or decreased according to the specific circumstances in the presented method, which is quite flexible in practical use.
Calibration Process via
the Improved Simulated Annealing Algorithm
Introduction of the Simulated Annealing Algorithm.
The simulated annealing algorithm was a stochastic search method that was first carried out by Metropolis et al. [46] , and, then, the simulated annealing algorithm was successfully applied to solving the optimization problems by Kirkpatrick et al. [47] . The simulated annealing algorithm is analogous to the annealing process of materials. Boltzmann [48] reckoned that if a system was in thermal equilibrium at a temperature T, the probability ( ) of the system being in a given state could be expressed as follows:
where ( ) is the energy of the state , is the Boltzmann constant (cooling coefficient), and is the set of all the possible states. However, (1) does not give any information on how the material reaches thermal equilibrium at a given temperature. Metropolis et al. [46] proposed an algorithm that simulated the process described 
To reach the thermal equilibrium completely, the process will be repeated Markov times at each temperature, and Markov is thus called the Markov chain [49] . For better understanding of the simulated annealing algorithm, its flowchart is illustrated in Figure 1 . In recent years, the simulated annealing algorithm has been widely applied in the field of optimization [50] [51] [52] [53] [54] [55] [56] [57] [58] . The process of calibrating microparameters can be described as minimizing the difference between the macroparameters obtained from the numerical simulations and the physical experiments, which is a typical optimization problem: the calibration process is to find the minimum value of the difference between the macroparameters obtained from the numerical simulation and the physical experiments, and the corresponding set of microparameters are the proper one. Accordingly, the calibration process is transformed into an optimization problem. However, the simulated annealing algorithm should be improved to minimize the total iterations, which will be given in the following section.
Disadvantages of the Simulated Annealing Algorithm.
The simulated annealing algorithm has a drawback: the computation times are large [59, 60] , which is mainly caused by the characteristics of the simulated annealing algorithm itself. There are four conditions for the success of the simulated annealing algorithm which are as follows [61] [62] [63] [64] [65] : (1) The initial temperature must be high enough; (2) the cooling speed for the temperature must be slow enough; (3) for each temperature, the length of the Markov chain must be long enough; (4) the final temperature must be low enough. These four conditions increase the total computation times directly or indirectly, which results in the slow convergence speed. Thereafter, it is necessary to improve the simulated annealing algorithm so as to decrease the total iterations. To improve the simulated annealing algorithm, some procedures of the simulated annealing algorithm were changed, which will be explained explicitly in the following part.
Improved Simulated Annealing Algorithm.
In this paper, the simulated annealing algorithm would be improved from two aspects: the disturbance method and the cooling method.
The Change of the Cooling Temperature Method.
For the original simulated annealing algorithm, the cooling process can be expressed as follows:
where 0 is the initial temperature, is the cooling efficient, and is the cooling temperature. According to Ingber [66] [67] [68] , the convergence speed of the simulated annealing algorithm will increase when the following cooling strategy is adopted:
where is the iteration time, is a constant, and is the number of input parameters in the simulated annealing algorithm.
In practice use, (4) can be simplified as follows:
where is a constant, which is falling within 0.7 < < 1. In this paper, is set to 0.99.
The Change of the Disturbance Method for the Variables.
In the traditional simulated annealing algorithm, the disturbance for the variable can be denoted as follows:
where V -new is the new generated value for the variable V , V -old is the original value of V , V -upper is the upper bound of the variable V , V -lower is the lower bound of the variable V , and normal is a random number between 0 and 1, which is subjected to the normal distribution. Based on the study by Ingber [66, 69, 70] , the Cauchy random distribution function for the disturbance is conducive for the convergence of the simulated annealing algorithm:
where Cauchy is the random number between 0 and 1 and the generated value Cauchy is subjected to the Cauchy distribution.
Calibrating Microparameters via the Improved Simulated
Annealing Algorithm. Before using the improved simulated annealing algorithm for calibrating the microparameters, some changes are required. After the PFC2D(3D) numerical simulations based on the set of microparameters, the corresponding macroparameters can be obtained. In the calibration process, the macroparameters determined by numerical simulations are defined as the state of the system. To implement the microparameters calibration process via the improved simulated annealing algorithm, the energy function (objective function) (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) calculated by the macroparameters of the numerical simulation is denoted as follows:
where MA -experiment is the set of macroparameters obtained from the physical experiments and MA -PFC is the set of macroparameters determined by the numerical simulations. The objective function in (8) indicates that the value of (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) is the maximum difference between the macroparameters obtained from the numerical simulation and the physical experiments. The macroparameters (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) of the numerical simulation are determined by performing the numerical simulations by using the microparameters (MI 1 , MI 2 , . . . , MI ). It should be noted that the numbers of macroparameters and microparameters can be increased or decreased according to the specific circumstances, which is one of the advantages of the proposed technique.
To search for the microparameters completely within the determined range, the length of the Markov chain is utilized. The length of the Markov chain represents the iteration times at each temperature. With increasing length of the Markov chain, the corresponding iteration time will increase as well; in this paper, the length of the Markov chain is set to 100.
Another important factor is the bounding of the microparameters. The new microparameters should be generated within a certain range during the calibration, or the numerical simulations of PFC2D(3D) cannot proceed successfully. For example, all the microparameters in PFC2D(3D) should be larger than 0, or the numerical simulations cannot run successfully.
In this paper, the termination criterion of the calibration process is (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) < 10%, meaning that the maximum error between the macroparameters obtained from the numerical simulations and the physical experiments is less than 10%.
By combining the improved simulated annealing algorithm and some basic parameters for the calibration process, the procedure of calibrating microparameters via the improved simulated annealing algorithm can be described step-by-step as follows.
Step 1. The initial temperature , the cooling efficient , the length of Markov chain Markov, the numbers of the microparameters N, and the range of microparameters are initialized, and the initial iteration time i is set to 1. A set of microparameters (MI 1 , MI 2 , . . . , MI ) old is randomly generated; the microparameters should be within the determined range. By using the microparameters (MI 1 , MI 2 , . . . , MI ) old , PFC2D or PFC3D numerical simulations are conducted to obtain the macroparameters (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) old . (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) old is estimated based on (8).
Step 2. If (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) old < 10%, then go to Step 10.
Step 3. M = 0.
Step 4. A new set of random neighborhood microparameters (MI 1 , MI 2 , . . . , MI ) new near the microparameters (MI 1 , MI 2 , . . . , MI ) old is generated; the new generated microparameters should be within the determined range. Taking the microparameter MI as example, the new generated microparameter MI -new can be expressed as follows:
where MI -new is the newly generated microparameter, MI -old is the original microparameter, -upper is the upper bound of the microparameter MI j , -lower is the lower bound of the microparameter MI , and Cauchy represents a random value between 0 and 1; besides, the generated value is subjected to the Cauchy distribution. The macroparameters (MA 
Step 6. If (MA 1-PFC , MA 2-PFC , . . . , MA -PFC ) new < 10%, then go to Step 10.
Step 7. = + 1.
Step 8. = + 1; if ≤ V, then go to Step 4.
Step 9. = 0.99
; go to Step 3.
Step 10. End.
Because the microparameters need to be changed and the PFC2D(3D) software needs to be manipulated many times for each step of calibration, the process of calibrating microparameters is accomplished using Python script. Python (https://www.python.org) is a scripting language that is very easy to use and widely applied in many fields [71] [72] [73] [74] [75] [76] .
The numerical simulation mentioned in this section includes four parts: (1) The command flow .txt file based on the microparameters is written; (2) the particle assembly is carried out; (3) the numerical simulation is performed to obtain the macroparameters; (4) the output of the macroparameters is produced.
Writing the Command Flow .txt File Based on the Microparameters.
In practice, the command flow is frequently complied in a .txt file, which will be convenient for the PFC2D(3D) numerical simulations. Due to the change in the microparameters for each step of calibration, the command flow .txt file is written by the Python scripts, and the microparameters for each calibration are changed according to the improved simulated annealing algorithm.
The Particle Assembly.
Before the numerical simulation, a PFC2D(3D) assembly is generated, and the process involves particle generation, packing the particles, isotropic stress installation (stress initialization), floating particle elimination, and bond installation, which is described in detail by Itasca [9, 77] and will not be repeated in this paper.
The Numerical Simulation to Obtain the Macroparameters.
To obtain the macroparameters, the corresponding numerical simulations should be carried out. The UCS, Young's modulus, and Poisson's ratio can be obtained by the uniaxial compression test. Meanwhile, the tensile strength can be determined via the Brazilian disc test. Other numerical simulations can also be utilized to obtain the corresponding macroparameters. In practice, the numbers of macroparameters and microparameters can be increased or decreased according to the specific circumstances. The corresponding command flow .txt file should be changed accordingly.
The Output of the Macroparameters.
The aim of the PFC2D(3D) numerical simulations is to obtain the numerical macroparameters. Thereafter, the macroparameters will be output in the log file when the numerical simulations terminate [9, 10] .
Examples of Calibrating
Microparameters via the Improved Simulated Annealing Algorithm
A Detailed Example

Basic Information about the Numerical Simulations.
To illustrate the calibration process of microparameters more specifically, an example was selected. In [78] , sandstone was utilized to investigate the Kaiser effect. Moreover, the PFC2D was employed to reproduce the Kaiser effect, the deformation, and the rate of deformation. Meanwhile, the contact-bond model in PFC2D was utilized, and the size of the numerical simulation for the macroparameters was 61.14 mm × 153.32 mm. According to the physical experiments, the UCS and Young's modulus of the sandstone were 83.1 MPa and 14.3 GPa, respectively. In total, 10 microparameters determine the contactbonded model in PFC2D. The microparameters and their corresponding descriptions are listed in Table 1 .
As listed in Table 1 , the density of the ball can be treated as the density of the sandstone, which is 2397 kg/m 3 [78] . The effect of gravity does not need to be considered, as the specimens are small in the physical experiments and the gravity-induced stress has a negligible effect on the macroparameters [77] . In addition, the microparameters should be in a certain range, which guarantees the success of the numerical simulations. For example, max / min , the ball size ratio, should be greater than 1, or the numerical simulation cannot run successfully. Therefore, it is necessary to determine a reasonable range of microparameters. Table 2 gives the range of the microparameters of the contact-bonded model in the numerical simulations.
It should be noted that the minimum ball radius should be larger than 0.1 − 3 m, or the error "Error: Fewer balls generated" will occur during the numerical simulations, which will stop the numerical simulation from running. The upper bound of the microparameters in Table 2 can be increased slightly, but this will increase the computation times.
Basic Parameters of the Improved Simulated Annealing
Algorithm. Some basic parameters of the improved simulated annealing algorithm need to be determined before the numerical simulations; these are listed in Table 3 .
Numerical Simulation Platform.
In the numerical simulation, the operation system is Linux Mint 18 Sarah (on a personal computer with an Intel Core i5, 3.30 GHz CPU, and 8 GB RAM); the operation system is open source. The Python version is 3.5. Additionally, to implement the improved simulated annealing algorithm and manipulate the PFC2D(3D) software, two extra Python packages were installed, numpy (to accomplish the improved simulated annealing algorithm) and subprocess (to manipulate the PFC2D(3D) software). The PFC2D version 3.1 in this paper was adapted to run on the Linux system. Wine, an open source software for running the Windows system application, was used for this purpose.
Numerical Simulations Results.
Based on the improved simulated annealing algorithm, after 2739 iterations, the termination criterion is satisfied and the numerical simulation is terminated. The UCS and Young's modulus determined by the numerical simulation are 74.356 MPa and 14.824 GPa, respectively, which is quite close to the physical experiment results (UCS 82.1 MPa and Young's modulus 14.3 GPa.). The corresponding microparameters are obtained and are listed in Table 4 .
The microparameters can successfully be determined by the improved simulated annealing algorithm. This saves a tremendous amount of hard work, as it is not necessary to change the microparameters and manipulate PFC2D by hand for each step of calibration, which is convenient for use.
More Examples.
From the analysis of the detailed example in Section 3.1, it is found that the calibration method is independent of the numerical simulation model; that is, once the command flow for numerical simulations is fixed, the calibration process can change the microparameters in the command flow .txt file for each step of calibration. Thus, it can be used for contact bond and parallel bond in both PFC2D and PFC3D. Recall that the numbers of microparameters and macroparameters can be increased or decreased according to the specific circumstances, in which case the corresponding Python scripts should also be changed correspondingly. To further validate the proposed method, more numerical simulation tests were performed. The numerical simulation results are listed in Table 5 .
As listed in Table 5 , calibrating the microparameters via the improved simulated annealing algorithm is a viable strategy for both parallel bond and contact bond in PFC2D(3D). It has wide practical use in PFC2D(3D) numerical simulations.
Discussion
PFC2D(3D) is a typical DEM, which is widely applied to model the damage and nonlinear behaviors of rock materials. However, the microparameters in PFC2D(3D) need to be determined before the numerical simulations. In theory, the microparameters can be calibrated on the basis of macroparameters determined by the physical experiments. In practice, determining the proper set of microparameters based on the macroparameters obtained from the physical experiments is very difficult but is critically important for the success of the PFC2D(3D) numerical simulations.
The microparameters are mainly calibrated based on the macroparameters determined by the physical experiments. In recent years, the most commonly used method for calibrating microparameters in PFC2D(3D) is called the "trial and error" method [24] . Its main process for calibrating the microparameters is comparing the macroparameters determined by the numerical simulation and the physical experiments; then, the microparameters are changed according to the difference between the macroparameters of the numerical simulation and the physical experiments. However, the calibration process is quite subjective; it is influenced by the experiment and experimenter significantly. In principle, this means that if a user is familiar with the influence of microparameters on the macroparameters, it will not take very long. In contrast, if a user is inexperienced, the calibration process will be lengthy. Another significant issue is that this calibration process is accomplished by hand. In the calibration process, each step of calibrating microparameters requires a series of repeated work: changing the microparameters in the command flow .txt file, opening the PFC2D(3D) software, and calling the command flow .txt file. With increasing iterations, it takes much time and work. Therefore, accomplishing the calibration process automatically has great practical utility in PFC2D(3D) numerical simulations. As described above, there exist two unsolved problems in calibrating microparameters: how to avoid the subjectivity in the calibration process and how to accomplish the calibration process automatically. In this paper, the improved simulated annealing algorithm was applied to calibrate the microparameters based on the macroparameters determined from the physical experiments, and the calibration process was completely accomplished by Python scripts (the corresponding Python scripts in this paper will be published on GitHub (https://github .com/)). The improved simulated annealing algorithm was mainly utilized to obtain the proper set of microparameters. By using this method, the microparameters are changed on the basis of the improved simulated annealing algorithm; when the macroparameters of the numerical simulations are quite close to the macroparameters obtained from the physical experiments, the calibration process terminated. The calibration process was accomplished by Python scripts, eliminating the necessity of human input at each step. Additionally, this method can be applied to different kinds of the bond models in PFC2D and PFC3D. Consequently, the method proposed in this paper has a practical use in PFC2D(3D) numerical simulations.
However, the calibration process is realized in the Linux operation system in this paper; meanwhile, the PFC2D(3D) are mainly used in the Windows operation system. Thereafter, whether the complying Python scripts are suitable in the Windows operation system needs to be further investigated and will be our next work.
Conclusions
To determine a proper set of microparameters based on the macroparameters obtained by physical experiments, the improved simulated annealing algorithm was utilized to calibrate the microparameters of the PFC2D(3D) models. Moreover, the Python scripts were developed to accomplish the calibration process successfully. The main conclusions of this paper are as follows.
(1) The improved simulated algorithm was utilized to calibrate the microparameters based on the macroparameters obtained from the physical experiments, avoiding the subjectivity in the calibration process. Moreover, the Python scripts were developed to calibrate the microparameters by changing the microparameters in the command .txt file for each step of calibration based on the improved simulated annealing algorithm. This method could be implemented automatically, and the calibration program terminated when a proper set of microparameters were obtained.
(2) By using the improved simulated algorithm, a set of numerical simulations were performed. It is indicated that 8 Mathematical Problems in Engineering the proposed approach can be used for the calibration of microparameters. This method can be used for the contactbond or parallel-bond models in PFC2D(3D). The method has a practical value for the PFC2D(3D) numerical simulations. However, the corresponding Python scripts were developed on the Linux operation system platform, and it is necessary to realize the calibration process on the Windows operation system; it requires further investigation.
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